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Studies of energy economics have increasingly focused on the role of
crude oil prices in inﬂuencing stockmarkets' returns (Arouri et al., 2012;
Cuando and de Garcia, 2014; Kang et al., 2015). A crucial issue in this
strand of research is related to the effect of oil price return and volatility
on stock market activities. Building on cash ﬂow models which state
that a stock price depends on expected discounted earnings, previous
empirical studies have initially examined aggregate stockmarket return
and volatility but have ignored the impact of oil prices on sectoral stock
returns (see, inter alia, Arouri et al., 2011a; Ma et al., 2014; Bouri,
2015a). Given that crude oil is an intermediate input in the production
process, not all equity sectors are affected equally by an oil price/volatil-
ity shocks. For instance, one would naturally expect that the oil and gas
sector, and to a lesser extent the industrial and the manufacturing sec-
tors, to be the most affected by the international oil market conditions.
However, the services and ﬁnancials sectors are expected to be much
less affected by oil price returns and volatilities. Focusing on the cross-61 9 600 801.sector heterogeneity can help portfolio managers better diversify their
portfolios across different equity sectors within a particular market to
maximize returns andminimize risks. Thismay also help regulators for-
mulate appropriate frameworks at the sector level.
The few studies that have focused on sectoral indices have mainly
examined data from the US (Elyasiani et al., 2011; Qinbin and
Mohammad, 2012; Broadstock and Filis, 2014) and Europe (Arouri
and Nguyen, 2010; Arouri et al., 2012). In view of that, these studies
have been based on the context of large oil-importing countries, with
quite limited evidence provided on small oil-importing countries
(Bouri, 2015a, 2015b). However, there is considerable evidence that
stock markets in emerging countries, such as MENA (Middle East and
North Africa) countries, are different from those of US and European
countries in many important ways (see, inter alia, Mohanty et al.,
2011). First, emerging countries in general, and MENA oil-importing
countries in particular, are more vulnerable to oil price shocks than in-
dustrialized countries because they experience a rapid economic
growth and are highly energy intensive (Bhar and Nikolova, 2009). Sec-
ond, MENA oil-importing countries are largely segmented from devel-
oped stock markets (e.g. Yu and Hassan, 2008), suggesting that global
investors in oil-importing countries' stocks are likely to achieve better
Table 1
The Jordanian stock market in 2014.
Year of establishment 1999
Number of listed ﬁrms 234
Market capitalization (US$ bn) 25.12
Market capitalization/GDP 0.739
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stockmarkets inMENA oil-importing countries are sensitive to regional
political developments. Fourth, some prior studies have focused on oil-
intensive industries such as the oil and the gas sector (El-Sharif et al.,
2005; Ghouri, 2006; Boyer and Filion, 2007) and the airline and the
transportation sectors (Luft, 2006; Morrell and Swan, 2006; Mohanty,
2011), while ignoring the less- and the non-oil-intensive sectors such
as the industrials and the services sectors that can also be subject to
oil shocks (Arouri et al., 2012). The few studies that have focused on sec-
toral indices in the MENA region have only considered oil-exporting
countries in the GCC (The Gulf Cooperation Council)1 region
(Mohanty et al., 2011; Jouini, 2013). In major suppliers of oil, such as
the GCC countries, the stock market reaction to changes in oil prices is
usually stronger and bi-directional to some degree (Arouri et al.,
2011b). This is due to the dominating role of the energy and gas sectors
in those oil exporters compared to non-oil-related sectors such as con-
sumer goods, services, and ﬁnancials. Accordingly, the relationship be-
tween oil price changes and stock market returns is expected to be
different (weaker) for sectoral indices in MENA oil-importing countries
which have less oil-intensive sectors. Our paper differs from those con-
ducted on GCC sectoral indices in using a different methodology that is
based on mean and variance causalities and takes into account the ef-
fects of the political unrest that agitated most of the MENA region and
affected oil supplies. In particular, we explore linkages between oil
prices and sector level data from an oil-importing country, in our case,
Jordan. This provides more nuanced conclusions about sectoral stock
returns that capture some of themain heterogeneity across these equity
sectors. Using different methodological framework and study periods,
we address the voids presented in the abovementioned literature and
argue that the effect of oil mean and variance on the country-level ag-
gregate market index in Jordan tends to mask the heterogeneity of sec-
tor sensitivity to oil price returns and volatilities. In addition, the
analysis evaluates the impact of the recent political uncertainty (Arab
uprisings) that agitates theMENA region on the linkages between inter-
national oil market and Jordanian sectoral indices.
This paper complements a growing literature on the oil-stock nexus
from a sectoral perspective, even though other global and macroeco-
nomic factors could potentially affect the price discovery process and
volatility of the Jordanian equity sector returns.
To proceed with the analysis, a methodology approach based on
(CCF) cross-correlation function tests from Cheung and Ng (1996) and
Hong (2001) is employed. Unlike the traditional causality test of
Granger (1980) which suffer from a number of shortcomings that in-
clude the inability to test for causality in variance, themodel building re-
quirements, and the possible bias akin to omitted variables (Nakajima
and Hamori, 2013), our methodology is simpler and allows for testing
causalities both in the mean and the variance. More importantly, the
CCF-based approach is conducted on standardized residuals and
squared residuals of univariate ARMAX-EGARCH2 models that account
easily for the non-normality of the return series and the asymmetric re-
sponses to positive and negative shocks,making the construction of less
ﬂexiblemulti-dimensionalmodels unnecessary. Similar CCF-based tests
were employed by Nakajima and Hamori (2013) in testing causal rela-
tionships between wholesale electricity prices, natural gas prices, and
crude oil prices.3 In addition, we conducted several model selection
criteria to decide which model has a superior ﬁt, where usually an ad
hoc approach has been used. This can help us tomore accurately capture
the causal relationship in bothmean and variance between internation-
al oil prices and sectoral stock returns in Jordan. According to Javed and1 TheGCC includes the following countries: Saudi Arabia, Bahrain, Qatar, Kuwait, United
Arab Emirates, and Oman.
2 ARMAX denotes the autoregressive-moving-average with an external input, whereas
EGARCH denotes the exponential GARCH process.
3 Numerous studies have employed the CCF tests, see, among others, Bhar and Hamori
(2005), Stolbov (2014), Tamakoshi and Hamori (2014).Mantalos (2011), misspeciﬁcation in ﬁtting a GARCH-based model can
undermine the efﬁciency of the related estimators, leading to spurious
results and potentially missed causalities.
This papermakes threemain contributions. Firstly, unlike prior stud-
ies that generally focused on MENA oil-exporting countries, this paper
considers the case of Jordan whose economy is not only heavily depen-
dent on oil imports, but also has one of the most diversiﬁed and devel-
oped stock market in the MENA region (Bouri, 2014, 2015b). In this
regard, the case of Jordan provides an adequate setting to assess oil-
stock linkages as compared to other less diversiﬁed and less developed
stock markets in MENA oilimporters (Bouri, 2014). This suggests a
lower barrier to possible mean and volatility linkages between oil and
Jordanian equity market sectors. Recognized by the groups of MSCI
(Morgan Stanley Capital International) and Standard and Poor as a fron-
tier market, Jordan is also on the watch list for potential future reclassi-
ﬁcation as an emergingmarket. As shown in Table 1, the stockmarket of
Jordan is virtually fully accessible to foreign investors and has 234 listed
companies belonging to three main sectors, namely, Financials, Indus-
trials, and Services. The high ratio of market capitalization to GDP
(gross domestic product) emphasized the importance of the Jordanian
stockmarket in terms of the local economy (Bouri, 2014). As of Decem-
ber 2014, foreign holdings of Jordanian stocks reached 43.20%. Secondly,
this paper uncovers hidden relationships between the oil market and
sectoral stock returns, suggesting that investors need to be aware of
the heterogeneity of equity sectors in Jordan in order to maximize
cross-sector asset allocation decisions. Only few studies have already
established that equity sectors tend to respond differently to oil price/
volatility shocks in some MENA oil-exporting countries (Mohanty
et al., 2011; Jouini, 2013). Nevertheless, these studies have not focused
on the effect of the Arabuprisings on the relationship between the inter-
national oil market and sectoral stock returns. In this respect, and to the
best of our knowledge, this is the ﬁrst study examining the effect of the
Arab uprisings on the sensitivity of sectoral indices to oil price and vol-
atility movements in the MENA region using the causality in mean and
variance tests in line with the procedures presented in Cheung and Ng
(1996) and Hong (2001). Thirdly, this paper focuses on the events
that had begun in Tunisia in December 2010 and have since then stirred
the Arab world. In this regard, the sample period is divided equally into
two periods around that time to investigate the asymmetrical impact of
the Arab uprisings events on the relationships between the returns and
the volatilities of international oil prices and themain sectoral indices in
Jordan.
Our analysis yields interesting results: The sensitivity of the
Jordanian stock market to oil price movements differs across industries
and covers the two periods in question. Those results can help investors
allocate their capitalmore efﬁciently during turbulent periods. In partic-
ular, our analysis reﬁnes the understanding on the timing and direction
of the transmission of information between the crude oil market and
Jordanian equity sectors during a period characterized by political insta-
bility. This can facilitate the assumption of hedge positions in response
to external information shocks and improve the mean and variance
forecasting in the Jordanian sectoral stock market.Turnover ratio% 12.270
Net foreign assets/GDP 0.270
Oil imports/GDP 0.112
Foreign ownership 0.432
Accessibility Fully accessible
Notes: Listed stocks are the number of domestic listed companies. Turnover ratio
corresponds to total value of shares traded during the period divided by the aver-
age market capitalization for the period. Source: Reuters DataStream.
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evolvements of the Arab uprisings are brieﬂy described in the next sec-
tion, which is followed by a section containing the econometricmethod.
The subsequent section discusses the empirical results and conducts ro-
bustness analysis. The ﬁnal section concludes with policy implications.
2. The Arab Uprising
Before proceeding with the study, it is pertinent to introduce the
background and evolvements of the political and civil uprisings which
constitute one of the most dreadful events in the history of the MENA
region. The Arab world has been stirred, 1 month before the end of
2010, by unprecedented protests and movements that began in
Tunisia by the so-called ‘Jasmine Revolution’ and led to the fall of the
local political regime. These uprisings then spread to Egypt and Libya
and brought down long-standing rulers from power before moving to
Yemen and Syria, where themovements have dramatically heightened,
inﬂaming ongoing and devastating armed conﬂicts. Less severe and less
persistent protests reached the Kingdom of Bahrain located in the GCC
oil-rich region. The rest of the MENA countries have however been rel-
atively spared, with limited forms of protests. Undoubtedly, depressed
socio-economic and socio-political foundations were behind the upris-
ings from poor economic conditions, high unemployment rates, soaring
food prices, and persistent corruption (Chau et al., 2014). Despite their
tendencies to offer hope for freedom and democracy, those movements
have however provoked severe economic and ﬁnancial challenges at
high costs. The uprisings have intensiﬁed an already shaky economic re-
covery coming out of the global ﬁnancial crisis of 2008. The high level of
risk associated with these uprisings has adversely affected the stock
market activities, ﬁscal/trade balance, labor market, capital ﬂows, and
tourism. While the political risk is not new for market participants and
policy-makers in this turbulent region of the world, the intensity of
the conﬂicts has been critical.
3. Methodology
The methodology employed in this paper is based on the test ap-
proach from Cheung and Ng (1996) and Hong (2001) which allows
for the causalities both inmean and in variance between Brent oil prices
and sectoral equity indices in Jordan. Earlier studies on the causal
relation between oil and stock markets have relied on the traditional
Granger causality in mean test (Granger, 1980), which is highly sensi-
tive to the lag length choice and is known not to be robust to common
features of ﬁnancial series (i.e. heteroscedasticity, autocorrelation,
non-normality). Later studies employed tests within multivariate
GARCH models that allow for the analysis of causality both in mean
and variance (Hafner and Herwartz, 2008). However, these tests typi-
cally inherit the curse of dimensionality from multivariate models, po-
tentially leading to spurious or missed causalities. In the Cheung and
Ng (1996) and Hong (2001) approach, testing for the causality in
mean and variance is based on the cross-correlation function (CCF) of
standardized residuals and the squared standardized residuals extract-
ed from the estimation of univariate GARCH-type models. In this view,
the CCF procedure is straightforward and thus does not require the si-
multaneousmodeling of intra- and inter-series dynamics aswithmulti-
variate GARCH-based tests. The CCF procedure is applied in two steps.
First, a univariate GARCH-based model is employed in studying the
time-varying in both conditional mean and variance of each return se-
ries. In this paper, this ﬁrst step is broadened by applying different uni-
variate speciﬁcations of GARCH-type models to account for non-
normality, conditional heteroscedasticity, and asymmetric responses
to positive and negative shocks. In this context, extensive speciﬁcation
tests are conducted for themost appropriate GARCHprocess and its cor-
responding error distribution. For all return series, the best univariate
ARMAX-EGARCH or ARMAX-GARCH model speciﬁcations is selected
on the basis of the Schwarz Bayesian Information Criterion (SIC)which is known for leading to a parsimonious speciﬁcation (Beine and
Laurent, 2003), instead of an ad hoc selection. Next, the standardized re-
siduals and standardized squared residuals series from each univariate
models are generated and then used to calculate the CCF. For each pair
of standardized residuals (standardized squared residuals), the CCF is
used to test the null hypothesis of no causality in mean (variance).
This richer methodological framework, as compared to the one
employed by Nakajima and Hamori (2013), allows us to seize many of
the salient features of the data and to more properly model the condi-
tionalmean and variance of the returns series.Misspeciﬁcation in ﬁtting
a GARCH-type model together with an imprecise assumption of the
error-term distribution may substantially undermine the efﬁciency of
the related estimators. Suchmisspeciﬁcation can give rise to awrong as-
sessment of mean and variance causal relationships and, eventually, to
invalid input into the decision-making process. Analytically, the CCF ap-
proach is summarized below in accordancewith Cheung and Ng (1996)
and Hong (2001).
Let Ot and St be oil and sector returns in day t, respectively, the
ARMAX-EGARCH process is then can be written as
Ot ¼ C þ∑ki¼1a1Ot1 þ∑li¼1a2εt1 þ d1 þ d2 þ d3 þ d4 þ εt
log σ2O;t
 
¼ ωþ∑qi¼1b1 log σ2O;t1
 
þ∑pi¼1b2
εti
σo;ti

þ γ εtiσo;ti
8><
>:
ð1Þ
St ¼ C þ∑ki¼1a1St1 þ∑li¼1a2φt1 þ d1 þ d2 þ d3 þ d4 þ φt
log σ2S;t
 
¼ ωþ∑qi¼1b1 log σ2S;t1
 
þ∑pi¼1b2
φti
σ s;ti

þ γ φtiσ s;ti
8><
>:
ð2Þ
where εt and φt are independent white noise processes with zero mean
and unit variance for Ot and St, respectively; d1, d2, d3, and d4 are
dummy variables for the day of the week effect; log(σo ,t2 )and log(σs ,t2 )-
represent the log of conditional variances of oil and sector returns,
respectively; γ is the parameter that measures the asymmetric re-
sponses of the conditional variance to positive and negative shocks of
equal magnitude. Finally, k, l, p, and q are lag parameters that are chosen
on the basis of the SIC information criteria.
Now suppose that It and Jt are two information sets deﬁned by It =
(Ot–j; j ≥ 0) and Jt = (Ot−j; St−j; j ≥ 0). Then Ot–1 causes St in mean and
variance if:
E Ot j It–1ð Þ ≠ E Ot j Jt–1ð Þ ð3Þ
E Ot–μo;t
 2
j It–1
 
≠ E Ot–μo;t
 2
j Jt–1
 
ð4Þ
where μo,t is the mean of Ot conditional on the ﬁlter It .
We also suppose that ho , t and hs , t represent the conditional vari-
ances of the EGARCH models, and compute the standardized residuals
ût = {(εt − με,t)2/ho,t} and the squared standardized residuals ẑt =
{(φt− μφ,t)2/hs,t} from models (1) and (2) in order to calculate the M
sample CCF which is then used for testing the null hypothesis of no
causality-in-variance. To test this null hypothesis, Cheung and Ng
(1996) has developed the following S-statistic:
S ¼ T ∑
M
j¼i
ρ̂2uz jð Þ ð5Þ
where the sample cross correlation ρ̂2uz ð jÞ is speciﬁed as ρ̂2uz ð jÞ ¼
C ̂uz ð jÞ fC ̂uu ð0ÞC ̂zz ð0Þg
1=2
and the sample cross-covariance function is
given by C ̂uz ð jÞ ¼
(
T1∑Tt¼ jþ1 ûtz ̂t j; j≥ 0
T1∑Tt¼ jþ1 ûtþ jz ̂t; jb0
and C ̂uu ð0Þ ¼ T1∑Tt¼1 u ̂2t ;
Cẑz ð0Þ ¼ T1 ∑Tt¼1 z ̂2t .
Table 2
Summary statistics on variables
Mean Max. Min. Std. Dev. Skewness Kurtosis Jarque Bera Probability Obs.
Before the Arab uprisings (December 18, 2004 - May 15, 2007)
Brent 0.0801 5.7195 −7.2428 1.9519 −0.0876 3.3500 3.6461 0.1615 571
Financials 0.0359 5.2514 −4.7631 1.5943 −0.1949 3.5663 11.247 0.0036 571
Industrials 0.0082 13.107 −13.464 1.3140 −0.2962 38.630 30212 0.0000 571
Services 0.0242 4.3089 −3.6329 1.2067 0.1196 4.2331 37.543 0.0000 571
After the Arab uprisings (December 18, 2010–June 18, 2013)
Brent 0.0156 4.7249 −8.2452 1.5548 −0.4239 4.7817 92.635 0.0000 571
Financials −0.0293 2.3111 −2.1313 0.4757 −0.3551 5.7132 187.14 0.0000 571
Industrials −0.0305 3.4959 −3.0635 0.7362 −0.0029 6.2225 247.07 0.0000 571
Services −0.0321 3.579 −3.3603 0.6021 0.1925 7.3240 448.36 0.0000 571
Table 3
Tests of unit roots.
ADF tests KPSS tests
No intercept Intercept Test with intercept
and 1 lag
Before the Arab uprisings (December 18, 2004–May 15, 2007)
Brent −25.5398a −25.5580a 0.0683a
Financials −18.1997a −18.1870a 0.6760b
Industrials −20.5570a −20.5390a 0.3002a
Services −18.3060a −18.3010a 0.4379c
After the Arab uprisings (December 18, 2010–June 18, 2013)
Brent −23.7302a −23.7101a 0.1689a
Financials −21.4790a −21.5201a 0.4190c
Industrials −25.4102a −25.4491a 0.2375a
Services −22.6689a −22.7108a 0.2167a
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grees of freedom. The null hypothesis is that there is no causality rela-
tionship in mean (variance) at all lags. However, Cheung and Ng
(1996) give equal weight for each M cross-correlation even though
the cross-correlation between two ﬁnancial time-series diminishes
with the increase of lags. Hong (2001) extends the S-statistic of
Cheung and Ng (1996) by introducing non-uniform kernel weighting
functions. He also demonstrates that his modiﬁed test is able to outper-
form the S-statistic in Monte Carlo experiments. The test proposed by
Hong (2001) is given by
Q ¼ T ∑
T1
l¼1
k2
l
M
 
ρ̂2uz lð Þ  C1;T kð Þ= 2D1T kð Þf g
1
2 ð6Þ
where k2 (l /M) is the squared truncated Bartlett Kernel and C1T ðkÞ
¼∑T1l¼1 ð1 jlj=TÞk2 ð lMÞ and D1T ðkÞ ¼∑
T1
l¼1 ð1 jlj=TÞ f1 ðjlj þ 1Þ=
T g k4 ð lMÞ.
TheQ-statistic is computed and compared to theupper-tailed critical
value of the Gaussian distribution at an appropriate level. The null hy-
pothesis of no causality is rejected if Q is larger than the critical value.
However, the model discussed above may suffer from size distor-
tions in the presence of a structural break in the conditional variance
process (Rodrigues and Rubia, 2007), or in case the causality-in-mean
effects are not incorporated into the causality-in-variance tests. There-
fore, we conduct pre-testing for structural breaks in the variances
along the lines of Bai and Perron's (1998, 2003). In addition, we elimi-
nate the causality-in-mean effects on the causality-in-variance tests by
including lagged returns in the conditional mean equation of the
ARMAX-(E)GARCH model. This is hoped to eliminate any Granger cau-
sality in mean effect on the residuals as pointed out by Tamakoshi and
Hamori (2014).
4. Empirical results
4.1. Data set and preliminary estimates
The data employed in this paper are daily, and the sample period
covers two sub-periods whereby each contains two and a half years be-
fore and after the political turmoil that started in the Arabworld on De-
cember 18, 2010. While the post-Uprising period extends from
December 18, 2010, to June 18, 2013, the pre-Uprising period is chosen
to be sufﬁciently remote to reveal the impact of the uprisings and the
social dislocations on the mean and the variance linkages between
crude oil prices and the Jordanian sector indices.4 Accordingly, the
pre-Uprising spans the period from December 18, 2004, to May 15,
2007. It is worth noting here that the use of a less remote period
would intersect with the global ﬁnancial crisis period, during which4 We thank the reviewer for this suggestion.the relationship between oil and stock markets, among others, has
strengthened.
Global oil prices, which are represented by the Brent crude oil spot
prices (Bouri, 2015a, 2015b), are obtained from the US Energy Informa-
tion Administration and they are expressed in US dollars per barrel. Sec-
tor indices are gathered from the Amman stock exchange and they are
denominated in domestic currency (Jordanian Dinar). Speciﬁcally, we
consider three sectoral indices constructed by the local exchange: Fi-
nancials, Industrials, and Services. All variables are expressed in per-
centages using the ﬁrst differences of the natural logarithms of the
price multiplied by 100.
The summary statistics of daily return series in both periods are re-
ported in Table 2. In the period before the Arab uprisings, all return se-
ries have a positive mean, whereas Brent has this privilege only in the
period following the Arab uprisings. In addition, Brent has the highest
standard deviation on average in both periods. Among the sectoral indi-
ces, Financials has the highest standard deviation in the pre-Uprising
period, whereas Industrials has highest standard deviation in the period
post the Arab uprisings. As for the third and fourth moments, all return
series exhibit non-zero skewness and excess kurtosis in both periods.
There is a negativemean skewness for Brent, Financials, and Industrials,
indicating that the return of these three series have long left tail; for
Services, there is a positive mean skewness in the two samples, indicat-
ing that the return has long right tail. All return series havemore peaked
data distribution than a normal distribution.
To check stationarity of the conditional mean, the analyzed series
have to be examined to determine whether or not they contain a unit
root. This step is required to ensure that the parameters estimates in
the GARCH-type process and causality models are reliable. Using the
augmented Dickey and Fuller (1981) (ADF) approach and the
Kwiatkowski et al. (1992) (KPSS) test, we ensured that the null hypoth-
esis of the existence of a unit root is rejected at conventional levels in
both periods and for all returns series (see Table 3).Notes: ADF (Augmented Dickey-Fuller); KPSS (Kwiatkowski Philips Schmidt Shin); For
both tests, a, b, c indicate that the null hypothesis of a unit root is rejected at 1%, 5%, and
10% signiﬁcance levels, respectively.
Table 4
Estimation results for the best GARCH-based process
Brent Financials Industrials Services
Before the Arab uprisings (December 18, 2004–May 15, 2007)
ARMAX(1,1)
EGARCH(1,1)
ARMAX(1,1)
GARCH(1,1)
ARMAX(0,1)
EGARCH(1,1)
ARMAX(0,0)
EGARCH(1,1)
Mean equation
Constant 0.3965b 0.1305 0.0365 −0.6367
d1 −0.5856b 0.0218 0.0161 0.1911
d2 −0.2848 −0.3125c −0.1406 −0.0895
d3 −0.6015b −0.0503 −0.0504 0.0865
d4 −0.1453 0.0282 −0.0480 0.0998
AR(1) −0.9377a −0.4239a – −
MA(1) 0.9208a 0.6465a 0.1980a −
Variance equation
Constant 0.2095c 0.0225 −0.3801a −0.2072a
ARCH −0.0827 −.1005a 0.5083a 0.2753a
GARCH 0.8875a 0.8927a 0.8412a 0.9505a
Asymmetric term −0.0577 – −0.1288c −0.0729b
GED parameter 1.7590a – 1.2931a 1.5477a
Diagnostic
Q(10) 8.5618 16.8230b 7.8790 14.1640
Q(20) 17.2930 25.1850 20.3620 22.3090
Q2(10) 5.4297 16.1820c 1.1623 11.9340
Q2(20) 23.1440 25.8670 1.4846 17.4650
After the Arab uprisings (December 18, 2010–June 18, 2013)
ARMAX(0,0)
GARCH(1,1)
ARMAX(0,0)
GARCH(1,1)
ARMAX(0,0)
GARCH(1,1)
ARMAX(0,0)
GARCH(1,1)
Mean equation
Constant −0.0995 0.0784b −0.0218 0.0316
d1 0.2395 −0.0662 −0.0023 −0.1993a
d2 0.2747c −0.1715a −0.0513 −0.1010c
d3 0.1198 0.1013b −0.0404 −0.0432
d4 0.1319 0.0818c 0.0547 0.0366
Variance equation
Constant 0.0461 0.0306 0.0681b 0.0579b
ARCH 0.0660b 0.0812c 0.1907b 0.1550b
GARCH 0.9179a 0.7804a 0.6908a 0.6849a
GED parameter 1.3511a 1.2053a 1.1118a 1.1775a
Diagnostic
Q(10) 7.9708 14.5090 8.4112 3.9298
Q(20) 12.4130 20.3350 12.7320 12.7110
Q2(10) 2.4574 3.7936 8.1820 6.1201
Q2(20) 15.9400 15.1770 17.0980 19.7130
Notes: Q(10), Q(20), Q2(10), and Q2(20) are Box‐Pierce statistics for autocorrelations of
the standardized residuals and the squared standardized residuals, respectively.
a Statistical signiﬁcance at 1% level.
b Statistical signiﬁcance at 5% level.
c Statistical signiﬁcance at 10% level.
Table 5
Correlations between standardized residuals.
Brent Financials Industrials Services
Panel A: The level of standardized residuals
Brent 1.0000 −0.0648 −0.0006 −0.0245
Financials 0.0525 1.0000 0.4552a 0.5008a
Industrials −0.0113 0.6034a 1.0000 0.4343a
Services −0.0182 0.6712a 0.6503a 1.0000
Panel B : The squares of standardized residuals
Brent 1.0000 −0.0284 0.0007 −0.0311
Financials −0.0498 1.0000 0.2915a 0.2628a
Industrials –0.0500 0.1331a 1.0000 0.3931a
Services –0.0102 0.4282a 0.1328a 1.0000
Notes: The period before the Arab uprisings spans from December 18, 2004, to May 15,
2007, whereas the period after the Arab uprisings spans from December 18, 2010, to
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ly remote from each other.5 However, we carry out Bai and Perron's
(1998, 2003) test of structural break for the period before the Arab up-
risings and the period after the Arab uprisings. This test, which discloses
the exact number of breaks and their corresponding dates of occur-
rence, trims the ﬁrst and the last 15% of return observations of the sam-
ple period. The optimal lag length of this test is chosen by using the
Akaike Information Criterion (AIC). The results of the structural break
test (not reported here) show that all return series have no breaks in
the variance during both periods. Therefore, we may safely proceed
and estimate GARCH models and CCF causality tests.
Furthermore, to ensure an appropriate ﬁt, an extensive speciﬁcation
testing procedure is conducted for the conditional mean and variance
processes of the return series. Speciﬁcally, the conditional mean is5 The global ﬁnancial crisis period is omitted to avoid the inﬂuence of the crisis on the
results. This point has been raised thankfully by one of the referees.modeled within an ARMAX process to account for salient features of
the data such as autocorrelation and day-of-the-week effects. As for
the variance equation, several univariate GARCH-type processes are
considered tomodel the time-varying conditional volatility of the return
series as well as to account for asymmetry in stock returns. Table 4 pre-
sents the best univariate ARMAX-EGARCH or ARMAX-GARCH model
speciﬁcations for each of the return series and the resultant parameter
estimates. The speciﬁcations are chosen on the basis of the SIC informa-
tion criteria that prefer simple speciﬁcation (Beine and Laurent, 2003).
For the period that preceded the Uprising, the speciﬁcation tests in-
dicate that the bestmodels are as follows: ARMAX(1,1)-EGARCH (0,1) is
the best ﬁt for Brent returns, ARMAX(1,1)-GARCH (1,1) for Financials,
ARMAX(0,1)-EGARCH (1,1) for Industrials, and ﬁnally ARMAX(0,0)-
EGARCH (1,1) is the most suitable model for Services. Except for the
constant term, several of the parameter estimates for the ARMAX
model are statistically signiﬁcant at 5% level, especially for Brent and
Financials. The parameter estimates of the GARCH and EGARCHmodels
are also statistically signiﬁcant at 10% signiﬁcance level. The GARCH
termmeasures the impact of past volatility on current conditional vola-
tility, whereas the ARCH term measures the impact of past innovations
on current conditional volatility. The large magnitude of the GARCH
parameter (ranging between 0.9505 and 0.8412) is an indication of per-
sistence in the volatility process. It also suggests slow to gradual ﬂuctu-
ations of the conditional volatility over time. Except for Industrials,
further speciﬁcation test results show that most of the GARCH-based
models estimatedwith the GED (generalized error distribution) outper-
form themodels estimatedwith either standard normal or even Student
t distributions. In order to assess whether each of the selected models
has succeeded in addressing the problem of autocorrelation in residuals
and squared residuals, we focused on the goodness-of-ﬁt in all cases. As
shown in last four rows of Table 4, the Box-Pierce statistics indicate that
there is no evidence of signiﬁcant autocorrelation in residuals and
squared residuals for up to 4 weeks or 20 lags.
In the period that follows the Arab uprisings, the results of the speci-
ﬁcation tests show that the ARMAX(0,0)-GARCH (1,1) is uniformly the
best ﬁt for all return series. Except for Industrials, several day-of-the-
week effects are found to be signiﬁcant at the 10% level. A part from the
constant, all parameter estimates of the GARCH models are statistically
signiﬁcant at 10% level. Compared to the period before theArabuprisings,
the loadings of the GARCH parameters are lower and this indicates a de-
crease in volatility persistence in all sectoral indices. This suggests slower
ﬂuctuations of conditional volatility over time. One more time, the GED
outperforms in all cases. Similar to the ﬁrst sample, diagnostic tests indi-
cate that the selected models are free from autocorrelation.
In Table 5, Panel A and Panel B report the simple correlation coefﬁ-
cient between the standardized residuals of the return series and theirJune 18, 2013. Correlations coefﬁcients for the period before the Arab uprisings are report-
ed in italic, whereas correlations coefﬁcients for the period after the Arab uprisings are re-
ported in bold.
a Statistical signiﬁcance at 1% level.
Table 6
P-values for causality in mean and in variance tests.
Before the Arab uprisings (December 18, 2004–May 15, 2007) After the Arab uprisings (December 18, 2010–June 18, 2013)
Causality in mean Causality in variance Causality in mean Causality in variance
M Fin→Brent Brent→Fin Fin→Brent Brent→Fin Fin→Brent Brent→Fin Fin→Brent Brent→Fin
1 0.3722 0.2383 0.7530 0.3904 0.7393 0.2173 0.6489 0.4118
4 0.3321 0.1797 0.7203 0.3548 0.9017 0.1281 0.7815 0.3910
8 0.2897 0.0809 0.6288 0.3641 0.9578 0.0161 0.8776 0.3594
12 0.2375 0.0320 0.6089 0.3443 0.9851 0.0035 0.9332 0.2834
M Ind→Brent Brent→Ind Ind→Brent Brent→Ind Ind→Brent Brent→Ind Ind→Brent Brent→Ind
1 0.7560 0.7436 0.7532 0.3793 0.6533 0.7332 0.4806 0.2653
4 0.9172 0.8972 0.9147 0.2721 0.7939 0.8960 0.4644 0.0965
8 0.9753 0.9603 0.9733 0.1932 0.8770 0.9593 0.4704 0.0249
12 0.9905 0.9785 0.9907 0.1558 0.9407 0.9754 0.4055 0.0057
M Serv→Brent Brent→Serv Serv→Brent Brent→Serv Serv→Brent Brent→Serv Serv→Brent Brent→Serv
1 0.5388 0.2764 0.6881 0.6723 0.7426 0.1290 0.7492 0.6571
4 0.5431 0.1768 0.8302 0.8085 0.8973 0.0809 0.9084 0.7881
8 0.5045 0.0412 0.9088 0.9074 0.9676 0.0359 0.9701 0.8676
12 0.6114 0.0007 0.9249 0.9570 0.9887 0.0012 0.9870 0.9159
Notes: This table shows the p-values for causality in mean and in variance tests for M = 1, 4, 8, and 12 days; Figures in bold are statistically signiﬁcant at 5% level.
6 Cheung and Ng (1996) indicates that the results from the causality-in-variance tests
between two variables are biased when there is evidence of causality-in-mean effects.
210 E. Bouri et al. / Energy Economics 56 (2016) 205–214squares, respectively. These can be interpreted in terms of contempora-
neous causality between oil and equity sectors returns and volatilities.
As can be seen in Table 5, correlations of oil are insigniﬁcant for all sec-
tors. This result is uniform across the two samples and in both returns
and volatilities. The lack of correlationmay indicate that the information
is not absorbed simultaneously by the international oil market and
Jordanian sectoral indices. On the contrary, it may take some time be-
fore a possible transmission of risk and return absorbed and subse-
quently observed.
In order to obtain further information on linkages between oil prices
and sector indices and investigate causality at various periods, we esti-
mate the causalities in mean and variance as mentioned previously.
We turn to discuss these causality tests in the next subsection.
4.2. Causality tests results
As mentioned previously, the paper employs the CCF approach of
Cheung and Ng (1996) and Hong (2001) to make an inference on cau-
sality between oil and Jordanian equity sectors. Table 6 reports the p-
values for causality tests inmean and variance for 1, 4, 8, and 12 periods.
The numbers in the table represents the causality-in-mean and the
causality-in-variance tests between Brent prices and each of the three
Jordanian sectoral indices for the periods before and after the Arab
uprisings.
The scale of Jordan's sectoral market is much smaller than that of
Brent oil market. Therefore, it is counter-intuitive that mean and vari-
ance information are transmitted from sectoral indices to oil prices.
Our results are consistent with these expected outcomes. The effect of
causality-in-mean from sector indices to oil returns is insigniﬁcant for
all periods. However, the causality-in-mean test provides evidence
that themeanof Brent returns Granger cause Financials and the Services
sectors' returns. The reaction is more delayed in the Financials sector
compared to the Services sector. For instance, the information is
absorbed with 12 days in the Financials sector, while it takes only
8 days for the effect to be transmitted to the Services sector.
These results are carried over across the period that followed the
Arab Uprising in 2010. During this period, the causality is even more
pronounced in terms of higher signiﬁcance levels and faster inﬂuence
in the Financials Sector. The inﬂuence of oil return innovations is
absorbed within 8-day periods instead of the 12 days observed in the
period that preceded the ArabUprising. The faster transmission of inﬂu-
ence is indicated by the higher signiﬁcant levels and by the effect at
shorter periods. No signiﬁcant mean inﬂuence of oil on the Industrialsis recorded during any period. Hence, we conclude that the Jordanian
equity market sectors do react differently to oil return shocks.
As mentioned previously, before making any inference on variance
causality, the causality in mean effects should be accounted for. The in-
ference on variance causality is prone to bias if it is drawn in the pres-
ence of mean causality effects. To rule out the in mean inﬂuence, we
re-estimate and compute the residuals after including the lagged
returns in the conditional mean equation of the ARMAX-(E)GARCH
models. This is done only to make an inference on variance causality
of the Financials and the Services sectors where a signiﬁcant causality
in mean effects is found.6 On the contrary, no lagged returns where in-
cluded in the Industrials as the causality in mean for this sector is found
to be negligible.
Column 5 and Column 9 of Table 6 reports the p-values of the vari-
ance causality test. In column 5, we report the test results for the period
that preceded the Arab Uprising, while in Column 9 we report results
from the post Uprising sample. As can be seen in Column5, the volatility
of oil does not Granger cause the volatilities of Jordanian sectoral indi-
ces. Hence, we conclude that the risk transfer from the oil market to
equity sectors is weak. However, we ﬁnd a signiﬁcant risk cross over
from oil to the Industrials sector in the period that followed the Arab
Uprising.
Interestingly, Granger-causality-in-variance to the Industrials sector
is transmitted also over longer lags. The risk transfer is only signiﬁcant
at the 8 and the 12 day periods, while it is negligible at the 1 and
4 day periods. This indicates that the inﬂuence of uncertainty in the oil
market is felt within an 8 day period in the Industrials sector.
While several studies reported evidence of faster informational link-
ages among markets during crisis periods (see, inter alia, Awartani and
Maghyereh, 2013; Bouri, 2015b), the evidence of delayed reaction sug-
gests an inefﬁcient processing of information by stock market partici-
pants (Bouri, 2015b). The slow processing in return adjustment allows
for a possible short-term arbitrage proﬁt opportunities in Jordan. How-
ever, this ﬁnding contradicts with that reported by Al Janabi et al.
(2010) who provide empirical evidence supporting the efﬁciency of
some MENA markets such as the GCC equity markets.
After the Arab uprisings, the mean linkages between Brent prices
and the Financials and Services sector indices increased. For the ﬁnan-
cial sector, this can be explained by the fact that even though Financials
are not directly affected by the market conditions of oil as an
211E. Bouri et al. / Energy Economics 56 (2016) 205–214intermediate input in the production process, the ﬁnancial sector is sen-
sitive to political uncertainty. The latter has been ushered unwittingly
by the Arab uprisings. Probably, the fear of government collapse has ad-
versely inﬂuenced banking activities, leading to the expectations that ﬁ-
nancial ﬁrms proﬁtability will decline. The ﬁnancial sector is also
sensitive tomacroeconomic changes, such as the expectations about fu-
ture inﬂation, the slope of the yield curve, and changes inmonetary pol-
icy (Rumler and Waschiczek, 2010). This result, which contradicts that
reported by Jouini (2013), is however consistent with the view that na-
ture of the ﬁrms that make up this sector are indirectly affected by the
role of oil prices as a leading economic indicator. It is well accepted
that oil prices have macroeconomic impact and they are often seen as
representing greater uncertainty in the aggregate level of output espe-
cially in oil-importing countries. In this sense, this ﬁnding conﬁrms ear-
lier results of Haddow et al. (2013) on that the ﬁnancial sector is tied to
economic uncertainty and, accordingly, it appears that ﬁrm perfor-
mance in the ﬁnancial sector is not insulated fromoilmarket conditions.
The situation is quite different in the relatively oil-intensive Indus-
trials sector which usually receives considerable government subsidy.
It could be that the Industrials sector remains relatively unaffected by
oil volatility shocks when the crude oil markets were relatively stable
in the pre-Arab uprisings period, while it is more exposed when the
crude oil market stability was threatened by the Arab uprisings. This
suggests that other factors besides thepossible increases in themarginal
cost of production may have played a role in establishing the risk link-
ages. Factors such as demand-side effects, the interaction among oil
price changes, economic growth, and aggregate consumption may
have all played a role in shaping the relationship. Another possibility
is the fear of the government collapse and the suspension of fuel
subsidies.
These empirical ﬁndings are inconsistent with the ﬁndings of Malika
and Ewing (2009) andArouri et al. (2012), whoﬁndno evidence of a re-
lationship between oil prices and the industrial equity sector in the US.
These authors have reasoned that the development of an effective hedg-
ing strategy against unanticipated oil price changes is themost likely ex-
planation of their results. Based on a different explanation, however, our
results are somewhat consistent with those reported by Mohanty et al.
(2011) in GCC countries.
Our results for the Services sector display a mean effect in both pe-
riods, withmore pronounced return spillovers in the period that follow-
ed the Arab uprisings. Note that this sector contains two big companies
that are heavily dependent on oil: these are the Royal Jordanian Airlines
and the Jordanian Electric Power Company. Moreover, there is a big
transportation subsector within the services sector that depends on
oil. The inﬂuence in terms of returns may also suggest that the compa-
nies composing the sector are unable to pass through the higher cost
due to increases in oil prices to ﬁnal consumers.7 The increase in oil
prices is translated into lower proﬁt margins and equity returns.
Hence, we may conclude that equity investment in these companies
cannot effectively hedge increases in oil prices. Finally another plausible
explanation of the inﬂuence particularly during the Arab Uprising is the
emergence of some additional challenges resulting from bigger expo-
sures due to the rise in geopolitical risks.4.3. Robustness analysis
To check the robustness of our results, we employ a bivariate model
that jointly estimates the inﬂuence of oil mean and volatility on
the sectors. In particular, we use the VARMA (1, 1)–BEKK–AGARCH
(1, 1) model developed by McAleer et al. (2009).8 Unlike the CCF7 The insigniﬁcant mean causality in the Industrials may suggest the opposite. The In-
dustrials sector companies are able to pass through increased costs to ﬁnal consumers in
both periods.
8 This model is an augmented version of VARMA–GARCH process developed by Ling
and McAleer (2003).method where inference on the oil-equity relationship is derived in
two steps, this model simultaneously estimates the return and volatility
cross-effects of each market-pair under consideration.9 The economet-
ric speciﬁcation of this model has two components: a conditional
mean equation which A=πr2is speciﬁed as a vector autoregressive
moving average process (VARMA) and a conditional variance equation
that is modeled as asymmetric multivariate GARCH. Accordingly, for
each pair, the conditional mean and variance of this empirical model
can be written as
Rit ¼ ϕi0 þ d1iþd2i þ d3i þ d4i þ ψijRjt1 þ εit þ ϑijεjt1
εit ¼ Ditηit

ð7Þ
where Rit(Ot,St)' is a vector of daily returns of the oil price index and the
stock sector index at time t, respectively; d1,d2 ,d3 ,and d4 are dummy
variables for the day of theweek effect; ϕi0 is a (2×1) vector of constant
terms;ψij is a (2×2)matrix of coefﬁcients that allows for cross-sectional
dependency between the conditional mean of oil and equity market
returns; εit is a (2×1) vector of error terms from the mean equations;
ϑij is a (2×2) matrix of coefﬁcients of the lagged residuals and
it explains the propagation of shocks between oil and equities; ηit
is a (2×1) vector of independently and identically distributed
(i . i .d) random errors; and ﬁnally Dit ¼ diagð
ﬃﬃﬃﬃﬃﬃﬃ
ho;t
p
;
ﬃﬃﬃﬃﬃﬃﬃ
hs;t
p Þ with ho , t
and hs ,t being the conditional variances of stock and oil returns, respec-
tively, and they are given by.
Ht ¼ C 0 C þ A0 εt1ε 0t1Aþ B 0Ht1Bþ G0 ut1u0t1G ð8Þ
where C is a (2×2) upper triangular matrix of constants with elements
cij; A is a (2 × 2) matrix of coefﬁcients αij that that capture the effects of
own shocks and cross-market shock interactions; B is a (2× 2)matrix of
coefﬁcients βij that capture the own volatility persistence and the vola-
tility spillover from market to another; G is each a (2×2) matrix of co-
efﬁcients gij that capture the asymmetric effect for own markets and
the asymmetric spillover from market to another. Finally C'C is the de-
composition of the intercept matrix.
The Eqs. (7) and (8) are estimated by using quasi-Maximum Likeli-
hood (QMLE) which provides consistent estimates.10 Table 7 reports the
coefﬁcients obtained for the periods before and after the Arab uprisings.
The estimated parameters of the mean equations in Table 7 show
that there is a negative and signiﬁcant unidirectional shock transmis-
sion from oil price to all sectoral returns. The coefﬁcients that measure
the impact of oil in the table are denoted ψ12 and they are all negative
and signiﬁcant. The inﬂuence in the opposite direction is captured by
ψ21 and as expected it is found to be insigniﬁcant.
The implication of these results is similar to the previous analysis.
The unanticipated shocks in the oil market are transmitted to the
Jordanian sectoral returns. The only difference here is that oil shocks
are found to inﬂuence the mean return of Industrials as well; the sector
which is found to be unrelated to oil innovations in the CCF analysis in
the previous section.
The estimated loadings show that the impact is highest on the Ser-
vices sector (−0.69) followed by the Industrials (−0.58) and then the
lowest impact is on the Financials (–0.37). These estimates reﬂect the
fundamentals of the sectors and the extent towhich they are dependent
on oil. For instance, the Financials sector is the least dependent on oil
and therefore it is the least affected. However, the sensitivity of the Ser-
vices sector reﬂects the vulnerability of the transportation and the util-
ities and electricity subsectors that heavily depends on oil. The
Industrials should be also sensitive, but as this sector is the least regulat-
ed, it is the most able to pass on the increase in energy costs and inﬂa-
tion to ﬁnal consumers.9 This procedure has been rapidly adopted in the relevant literature; refer to, for exam-
ple to research by (Arouri et al., 2011a, 2011b, 2015; Chang et al., 2011; Sadorsky, 2012,
2014; Mensi et al., 2013; Salisu and Oloko, 2015).
10 The selected lags for the models are based on AIC and BIC information criteria.
Table 7
Asymmetric multivariate GARCH estimation results.
Before the Arab uprisings (December 18, 2004–May 15, 2007) After the Arab uprisings (December 18, 2010–June 18, 2013)
Brent & Financials Brent & Industrials Brent & Services Brent & Financials Brent & Industrials Brent & Services
Mean equation
ϕ10 0.4818b 0.1663a 0.0232 0.1219 −0.2388a −0.0143a
d11 −0.4249b −0.2906 −0.3649 −0.1528a −0.1895a −0.1608a
d21 −0.4253c 0.0455 0.0581 −0.1283a 0.1682 0.1964a
d31 −0.4943c −0.6913a −0.3312 −0.2608a −0.5798a −0.3050a
d41 −0.4678a −0.3468a −0.0319 −0.2176a −0.2318a −0.0162
ψ11 0.6159a 0.5927b 0.7194a 0.5899a 0.3579a 0.7906a
ψ12 −0.3766b −0.5864a −0.6964b −0.7928a −0.8448a −0.8971a
ϑ11 −0.9115a –0.6315a –0.7162b −0.4779a −0.3870a −1.1061a
ϑ12 −0.2667b −0.5558a –0.3343a −0.3106a −0.5413a −1.0760a
ϕ20 −0.1185a 0.1172 −0.2248 −0.0918a −0.0054 −0.0362a
d12 −0.0788a 0.0414 −0.2884c −0.1259a −0.1418a −0.0060
d22 −0.4197a −0.2357c −0.2116 −0.0215a −0.0423a −0.0772a
d32 −0.2458 −0.0448 −0.2543 0.1088a 0.0344b −0.0546
d42 0.1836 0.3708a 0.3641 0.0153a 0.1168b 0.2756a
ψ22 0.5901a 0.0979b 0.2557a 0.8750a 0.9718a 0.7185a
ψ21 −0.1035 −0.3735c −0.2404 −0.0628 −0.0581 −0.1527
ϑ22 0.1300 0.4489b 0.4133b 0.0637 0.5366a 0.1649
ϑ21 0.5408a 0.1385c 0.4271c 0.9351a 0.8417a 0.7653a
Variance equation
c11 1.8325a 1.6979a 0.7606a 1.0267 1.0047a 0.0128
c21 0.0118 0.2883a −0.2292a 0.1758 0.2327a −0.1440a
c22 0.0000 −0.0026 −0.0000 0.2137a −0.0445b 0.1670a
α11 0.0774b 0.1650b 0.0161a 0.0099c 0.0737a 0.0681a
a12 0.0982 0.1739 0.0010 −0.0078 0.0609b 0.0358
a21 0.0892 0.0577 0.0170 0.1349 0.02691 0.0842
a22 0.2785a 0.3660a 0.2644a 0.1978a 0.4258a 0.3783a
β11 0.1436 0.1371a 0.0843a 0.1844a 0.1815a 0.0803a
β12 0.0448 0.2382c 0.1346c 0.0049 0.1603b 0.0083
β21 0.0681 0.0377 0.2952 0.0319 0.0480 −0.0165
β22 0.8909a 0.6843a 0.8589a 0.7290a 0.8158a 0.8152a
g11 0.0979 0.1169 0.2314a 0.1690a 0.1870a 0.1638a
g12 −0.0187 −0.2699c −0.0509 −0.0127 0.0209 −0.0414
g21 −0.0355 0.1797c −0.0777 −0.0616 0.2443 −0.0770
g22 0.4344a 1.0891a 0.4722a −0.6160a 0.3264a 0.4341a
Residual diagnostics for independent series
Brent Financials Brent Industrials Brent Services Brent Financials Brent Industrials Brent Services
Q(10) 11.43 5.81 5.24 8.40 8.58 6.98 8.72 2.12 10.47 1.929 8.34 2.21
Q(20) 21.36b 12.74 8.29 1.07 7.73 14.58 13.47 4.95 9.34 8.18 4.069 4.70
Q2(10) 19.14 20.16 15.82 19.33 20.87 18.37 14.45 14.15 15.64 12.24 12.96 14.71
Q2(20) 30.78b 17.62 22.54c 2.40 14.01 20.43c 20.48c 25.50c 16.81 19.99 12.53 25.99c
Notes: The model is estimated by the quasi-maximum likelihood (QMLE) method which can be optimized by implementing the Broyden–Fletcher–Goldfarb–Shanno (BFGS) algorithm.
The oil Brent is ordered (1) and each stock sector (2). In the mean equation, ϕij represents constant terms, d1i,d2i ,d3i ,and d4i represent the day of the week effect, ψij represents AR(1)
terms; and ϑij represents MA (1) terms. The coefﬁcient ψ12 , for example, represents the effect of a one-period lag Brent returns on current period stock sector returns. In the variance
equations, Cij represents constant terms, aij represents the ARCH effect, βij represents the GARCH effect, and gij represents the asymmetric effect. The coefﬁcient a12 for example represents
the short-term volatility spillover from Brent oil to stock sector, β12 represents the long-term volatility spillover from Brent oil to stock sector, and g12 represents the asymmetric effect
from Brent oil to stock sector. Q(10), Q(20), Q2(10), and Q2(20) are Box-Pierce statistics for autocorrelations of the standardized residuals and the squared standardized residuals,
respectively.
a Statistical signiﬁcance at 1% level.
b Statistical signiﬁcance at 5% level.
c Statistical signiﬁcance at 10% level.
12 In addition, we have also estimated three multivariate GARCH models. These are full
BEKK-GARCH, the VARMA–BEKK–GARCH, and the VARMA–DCC–AGARCH. The models
are estimated to check robustness and also for comparison purpose. The AIC and SIC
212 E. Bouri et al. / Energy Economics 56 (2016) 205–214It is worth to mention here that the sensitivity of sector returns has
increased following the Arab Uprising in magnitude and signiﬁcance.
This was uniform across the three sectors. The increase in sensitivity is
most pronounced in the Financials. This reﬂects an increased association
with the oil market during periods which is characterized with political
and economic uncertainty.11
The coefﬁcients associated with ARCH and GARCH terms inform on
volatility linkages and risk transfer. In terms of risk transfer, the results
from themodel alsomirror the ﬁndings from the CCF analysis. In partic-
ular, we ﬁnd low risk transfer from oil to all of the three sectors in the
period that preceded the Arab Uprising. The parameters a12 and β12
are statistical insigniﬁcant and hence we may conclude that there is11 Increased association among ﬁnancial variables during periods of stress is extensively
reported in the literature.no short or long term volatility impact from oil to other sectors. The
only exception is the Industrials where there is a signiﬁcant long term
effect but the short term inﬂuence is negligible. As for the period after
the Arab uprisings however, there is signiﬁcant long and short term
risk transfer from oil to the Industrials sector only.
Overall, the results from the asymmetric multivariate GARCHmodel
conﬁrm the previous results in that the stockmarket at the sectoral level
in Jordan is an oil price- and volatility-taker.12criteria show that all these models are inferior to the VARMA–BEKK–AGARCH model.
However, the main results of these models are consistent with the VARMA–BEKK–
AGARCHmodel. To economize on space,we donot present the estimation results and they
are only available from the authors upon request.
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In principle, oil shocks are not expected to inﬂuence economic sec-
tors in the same way. Therefore and unlike most of the prior studies
that focus on the impact of oil on aggregate market indexes, we investi-
gate causalities at the sectoral level. The analysis is hoped to bemore in-
formative and instructive to market participants in terms of oil impact
and risk transfer to equities. Our study focuses on Jordan as a model
country in the MENA region that has a well- diversiﬁed equity market
and an economy that is sensitive to oil. The nature of the oil equity rela-
tionship has been investigated in two samples that cover the critical
time periods surrounding the Arab uprisings that started in Tunisia in
December 18, 2010.
To investigate the oil equity association, we computed the CCF tests
between oil and sectoral indices as in Cheung and Ng (1996) and Hong
(2001). These tests are conducted at varying scales of 1, 4, 8, and 12 days
for both the mean and the variance association tests of oil with each of
the three sectors composing the Jordanian stock exchange market.
These sectors are the Financials sector, the Industrials sector, and the
Services sector. The robustness of the test results are checked by
employing a bivariate VARMA (1, 1)-BEKK-AGARCH (1, 1) model that
simultaneously estimate the mean and the variance impact across the
variables. As expected, our results illustrate that the impact of oil on eq-
uity sectors is heterogeneous and it varies across the two samples sur-
rounding the Arab Uprising. For instance, the inﬂuence of oil shocks is
signiﬁcant on the returns of the Financials and the Services sectors,
while it is insigniﬁcant on the Industrial sector. This holds to be true in
both of the periods that surround the Arab Uprising. However, it is
worth to mention here that the impact is more pronounced and it oc-
curs at a faster scale in the second period that follows the Arab Uprising.
In terms of risk transfer, we found that the impact of oil volatility is
negligible and that it can be safely ignored in assessing the volatility of
the Financials and the Services sectors. However, there is signiﬁcant ev-
idence of risk transfers from the oil market to the Industrial sector in the
period following the Arab Uprising.
The robust analysis based onmultivariate GARCH conﬁrms these re-
sults. The parameters of the mean equation are all negative and signiﬁ-
cant indicating the depressing inﬂuence of oil shocks on the
performance of the three sectors including the Industrials. The loadings
of the parameters show that the inﬂuence is even stronger in the period
that followed the Uprising. Similarly, apart from the risk transfer to the
Industrials in the second period, the evidence on volatility transmission
is weak.
Theseﬁndings highlight the importance of oil in assessing the attrac-
tiveness of these sectors. Oil is a factor that impacts the returns and the
volatility of the three sectors and therefore, oil risk and return should be
accounted for in formulating performance expectations for the purpose
of investment and asset allocation in either domestic portfolios or in
global portfolios that include Jordanian equities. In worldwide recovery
when oil prices are increasing, the Services sector is expected to respond
faster and outperform compared to the other two sectors. Because there
is no risk transfer to Services, the sector will also outperform on a risk
adjusted basis. Hence, an increase in allocation to Services on the ac-
count of the other two sectors may enhance portfolio efﬁciency.
Similarly, our results are also important to formulate risk expecta-
tions regarding the sectors. The risk transfer from oil to Industrials
is signiﬁcant while it is negligible to Services and to Financials. This
indicates that forecasting the risk of Industrials can be improved by ac-
counting for oil volatility. On the contrary, oil risk can be safely ignored
in modelling and forecasting the expected volatility of Services and
Financials.
The risk transfer information fromoil to Industrials can be also useful
inmanaging the risk of portfolios. For instance, in the face of uncertainty
in the oilmarket, portfoliosmay increase allocation to Financials andde-
crease allocations to Services and Industrials in order to alleviate the
negative impact on portfolio returns and volatility.Overall, our results shows that the Industrials sector is the least ex-
posed to oil return shocks while it is the most exposed to oil volatility
information spills particularly following the Arab Uprising. Therefore,
in global portfolios that contain oil, the Industrials sector is themost di-
versifying in terms of returnswhile it is the least diversifying in terms of
volatility products. Therefore, in these portfolios, the Industrials provide
another source of return exposure and the Services and the Financials
provide a different source of volatility exposures. These results can be
important in diversifying the sources of returns and risk and in manag-
ing portfolios that contain oil.
Appendix A. Supplementary data
Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.eneco.2016.03.021.
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